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R597the principles of adaptive and
stochastic sampling that have been
shown by Song et al. [1] to shape the
discrete to analog conversion
performed by photoreceptors are
also applicable to other digital to
analogue transitions in the brain.
Future studies will reveal whether
a general scheme for optimal
information representation across
these transitions exists.
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Cascade in the Early EndosomesNew research shows that vesicles in the early endosomal network coalesce
according to a classical theoretical description of aggregation put forward by
Smoluchowski more than 100 years ago. This gives a new tool for unraveling
complexities of the endocytic pathways.Michael P. Brenner
Endocytic pathways are dizzyingly
complex [1,2]. Signals and cargo from
outside of the plasma membrane are
packaged into vesicles that are
directed en masse to different parts
of the cell. Over the years, much has
been discovered about the molecular
origin of signals and processes that
govern these pathways [3–5]. However,
it has not yet been possible to directly
observe the detailed fate of the
multiplicity of vesicles as they progress
from the plasma membrane to their
ultimate destination.
The flux of information and materials
from the plasma membrane to the
interior of the cell is made up of many
microscopic events involving such
vesicles, and aspects of the endocytic
pathways will remain elusive until
the nature of these individual events
can be resolved. What is the rate of
vesicle fusion? What is the rate of
vesicle fission? Do these rates depend
on the cargo? How do fission and
fusion depend on the protein
composition of the vesicle membrane?
Quantitative answers to questions such
as these would shed light on themechanisms underlying endocytic
pathways.
A new study in this issue of Current
Biology by Foret et al. [6] provides
further support to the idea that the early
endosomal network is a vesicle fusion
cascade, in which the dominant effect
is the continuous merger of small
vesicles into larger ones, which carry
more and more cargo. Strikingly,
the quantitative laws governing this
cascade are essentially identical
to those that were predicted nearly
100 years ago by Smoluchowski [7],
and followed up years later by
Chandrasekhar [8], in imagining the
aggregation of small (e.g. colloidal)
particles into large clusters [9].
To establish this conclusion, Foret
et al. [6] directly imaged endosomal
populations in HeLa cells, which
were transfected with a transgene
expressing a GFP-tagged version of
Rab5c, a marker of the early endocytic
pathway [10]. Cells in the early
endosome therefore could be visually
identified in a confocal microscope
by GFP–Rab5 fluorescence. To study
flux through the pathway itself, these
authors then allowed the cells to take
up low-density lipoprotein (LDL), whichhad been labelled with a different
fluorophore, for a fixed period of
time and imaged the endosomal
co-localization of Rab-5 and LDL.
They then quantified the number
of endosomes — n(s) — with an LDL
fluorescence intensity, s. By measuring
this distribution for cells that had
been allowed to take up the LDL for
different time periods, they directly
measured the time course of
movement of fluorescent LDL through
the early endosomal pathway. With
increasing time exposure, the average
amount of LDL in each endosome
grows; over the course of an hour,
the maximum fluorescence in a single
endosome increases more than
10-fold.
To quantitatively interpret their
results, Foret et al. [6] use a classical
analysis of aggregation kinetics
introduced by Smoluchowski [7], and
expanded upon by Chandresekhar [8]
(also see review by Leyvraz [11]). In
its original form, this was imagined as
a way to quantify the coagulation of
small sticky particles undergoing
Brownian motion in a liquid. When two
particles collide they stick to each
other, forming a cluster. When two
clusters collide, they create a yet larger
cluster. To predict the rate at which
clusters grow, Smoluchowski wrote
down a set of chemical rate equations
for the number of clusters of a given
size. For example, a cluster of five
particles can be made by combining
a four particle cluster with a single
particle, or a two particle cluster with
a three particle cluster. Note that
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cluster to form from the simultaneous
collision of two single particles and
a three particle cluster, this is much
less likely and so is neglected; this is
the same argument that rules out
trimolecular reactions in chemical
kinetics.
To predict the rate of growth of five
particle clusters we therefore need
to know the rate of each of these
individual processes. Since there are
even more ways of forming larger
clusters, predicting the growth rate of
larger clusters requires knowing even
more rates. Smoluchowski formulated
a method for including all of these rates
into a single equation. The formalism
can be augmented to include other
effects such as when clusters break
apart. The rates are all organized in
a so-called ‘aggregation kernel’, which
gives the rate at which two different
clusters merge. Applying this way of
thinking can be overwhelming, given
the enormous number of possible rates
that need to be specified, but, in
the case where the clusters move
by Brownian motion and bind to
each other when they collide, the
aggregation rate of two clusters is
a function of their sizes. If two clusters
have radii R1 and R2, the aggregation
rate is K =4pðR1 +R2ÞðD1 +D2Þ, where
D1, 2 are the diffusion constants of the
two clusters.
This same general scheme applies
to the experiments of Foret et al. [6],
though in their analysis each cluster
is characterized by its total
fluorescence intensity instead of its
size. Strikingly, they discovered that
their data are quantitatively captured
by Smoluchowski’s model under the
assumptions that the vesicles that
enter the endocytic pathways are
small, and that they then fuse into
larger vesicles as they proceed through
the pathway, with minimal vesicle
fission and minimal fusion of
endosomes containing both Rab5 and
LDL with other endosomes containing
only fluorescent LDL. To fit their data,
Foret et al. [6] must assume that
the aggregation kernel is constant,
independent of the fluorescence. This
means that the rate of fusion of
two endosomes coated with Rab5 is
independent of the amount of LDL
each of the vesicles contains.
Additionally, Foret et al. [6] found
that Smoluchowski’s model
quantitatively captures the main
features of their data even when vesiclefission is much less important than
fusion. The only other effect that was
needed to quantitatively explain the
entire time course of their data was
a decay constant predicting that, over
long timescales, the LDL+ Rab5+
vesicles convert to another population,
at a rate of around 11 minutes, in
a manner that is independent of their
fluorescence and also the LDL
concentration outside the cell.
What is particularly striking about
the analysis of Foret et al. [6] is the
excellent quality of the fits of the model
to the data. Smoluchowski’s equation,
with a constant aggregation kernel,
makes a number of specific predictions
that are quantitatively borne out by
the data, among them: the precise
functional form of n(s) at later times,
when the distribution reaches steady
state; how the distribution approaches
steady state; the linear dependence
of the input flux on the external LDL
concentration; and the time
dependence of the growth of the
maximal fluorescence. The quality of
the data is so high that it rivals early
experiments on particle aggregation
testing Smoluchowski’s ideas [9];
and, indeed, both studies observe
a similar law for the functional
form of n(s).
The picture suggested by the
analysis is a nearly direct confirmation
of the funnel model of endosome
progression [5,10], which posits that
small vesicles enter the endosomal
network, and then coalesce into larger
vesicles, which then ultimately
convert to the late-stage endosomal
compartment where Rab5 is absent.
Exploring the robustness of the fits to
the data allows the authors to bound
the possible importance of neglected
effects.
Even more, the power of this
mathematical model is that it produces
actual numbers for the fundamental
parameters that govern this process:
besides the conversion time, another
fundamental parameter that is
uncovered is the aggregation rate,
K =1:63 1024 s21. Ultimately, the
magnitude of this number needs to be
understood in terms of the processes
that are causing the endosomal
cascade — that is, physical diffusion,
molecular motors [12], or some other
process.
The approach also gives
a systematic way of probing even more
complex situations such as: the
dynamics of recycling; the dynamics ofconversion to late-stage endosomes
and the subsequent degradation; and
the quantitative dependence of the rate
constants on molecular constituents.
By fitting simple models of the type
developed by Foret et al. [6] to
quantitative data in these different
situations, much should be learned
about the underlying mechanisms.
As a wise person once said, we do
not seek quantitative information
about a system for its own
sake — numbers in themselves are
not so meaningful — but because
quantitative information can help
uncover subtle qualitative aspects of
a system that are otherwise difficult
to ascertain. In this spirit, continued
application of Smoluchowski’s ideas
about aggregation to endosomal
pathways promises more wisdom
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